Background: High frequency Deep brain stimulation (DBS) targeting motor thalamus is an effective 33 therapy for essential tremor (ET). However, conventional continuous stimulation may deliver 34 unnecessary current to the brain since tremor mainly affects voluntary movements and sustained 35 postures in ET.
used across different patients (see Table 1 , supplementary methods and Supplementary Fig. 1 for 171 more details of the motor tasks). In order to further test the within-subject generalisability of the 172 classifier for detecting movements, five of the seven patients performed some other self-paced 173 movements such as spiral drawing, reaching and grasping (Table 1) . Importantly, these movements 174 were different from those used to train the classifier, so as to see if the classifier trained on pre- The monopolar LFP data were re-referenced offline to obtain more spatially focal bipolar signals by 191 subtracting the data from neighbouring electrode contacts [27] . The data were band-pass filtered was selected for further processing. This was motivated by evidence linking maximal beta band 202 activity and re-activity to the dorsal (motor) region of the STN [28] [29] [30] [31] [32] . For postural tremor 203 detection, where LFP measurements were recorded from multiple micro-macroelectrodes, the 204 decoding was tested based on each LFP measurement. The channel with best decoding accuracy 205 (the largest AUC value) was selected to report for that side.
207
A logistic regression (LR) model (more details in Supplementary Methods) was used to predict the 208 probability of the presence of movements or tremor at the current time point t (p(t)) based on a 209 linear combination of features extracted from pre-processed LFPs. Informed by our previous work, 210 the power of oscillatory activities in different frequency bands over a short time window can be 211 potential predictive features for decoding movements [33] [34] [35] . Here, the average power of eight 212 non-overlapping frequency bands were quantified after wavelet transformation applied to the 213 selected thalamic LFPs contralateral to the moving hand: 1-3 Hz, 4-7 Hz, [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] Hz, [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] Hz. The mean power in each of these bands was calculated 215 over a moving time window with window length of 250 ms and overlap ratio of 60%, and then 216 normalized against the mean power of that frequency band over the recording session. Predictive 217 features over 10 consecutive moving windows (equivalent to 1 s preceding the current time point) 218 were included as predictor variables. This time window was selected since movement-related M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT 11 | P a g e potentials in ViM thalamic LFPs can be observed up to one second before the actual movement 220 [17, 18] . In addition, only data preceding the decision-making time point was used for decoding to 221 ensure that the algorithms proposed here can be implemented in real-time. This resulted in 80 222 predictor variables (8 frequency bands * 10 moving windows) as the inputs for the logistic 223 regression model. The output of the LR classifier was updated every 100 ms.
225
Classifier training, evaluation and cross-task validation 226 Five-fold cross validation was performed for each recording session (more details in Supplementary
227
Methods and Supplementary Figure 2 ). This was used to evaluate the capacity of the classifier to 228 decode the same pre-defined movement recorded within the same recording session. In order to 229 further evaluate the across-session and across-task generalisability of the LR based classifier, the 230 classifier trained with data recorded during pre-defined movements was tested for decoding other 231 types of self-paced movements in five patients. The decoded movement probability reported 232 hereafter are 'test' results, with the model trained on one dataset and applied on different data.
233
Labelling of movement states based on behavioural measurement (detailed in Supplementary 234 Methods) was used as the 'ground truth' in the training and testing.
236
To evaluate the performance of the classifiers, the ROC was plotted, the area under the curve (AUC) 237 and the sensitivity (percentage of movement time that was accurately detected) were quantified and 238 presented. In addition, the detection rate and the detection latency of individual movements was 239 also quantified. To do so, the LR classifier output around a time window between -2.5 s and +2.5 s 240 around each individual movement onset was evaluated. A movement was treated as detected if 241 within this time window, the LR output started from a value lower than the threshold of 0.4, 242 increased to values higher than the threshold and stayed above this threshold for at least 500 ms.
The percentage of successfully detected movements in all movements recorded in a task session 244 was quantified as detection rate. The time of the LR output first exceeded the threshold relative to 245 the actual movement onset was quantified as the latency of the detection. 
The importance of frequency bands for decoding movements was also evaluated by comparing the 253 AUC values as the performance of the classifier after removing features of specific frequency bands. The within-task cross-validation tests showed that ViM LFPs could be used to detect hand gripping 267 despite the variation in force generated in each grip ( Supplementary Fig. 3A ), as well as joystick 268 movements ( Supplementary Fig. 3B ) or button pressing ( Supplementary Fig. 3C ), despite the short 269 duration of individual movements. The same approach could also detect blocks of self-paced 270 continuous movements ( Supplementary Fig. 4 ). In all cases, the LR-based classifier output 271 increased when movements began and remained high until the movement stopped. The AUC 272 ranged between 0.74 and 0.89 for cued brief movements, and between 0.89 and 0.99 for blocks of 273 continuous movements ( Fig. 2A&B were detected with negative delays, which means they were detected before the actual movements develop its effect before any tremor develops. However, that anticipation will be counted as a 'false 288 positive' in the present analysis. For brief movements, the percentage of time quantified as 'false 289 positive' would be larger than for the continuous movements. This may be the reason why the 290 detection of continuous movement has a higher sensitivity and lower false detection rate. 
Cross-task validation of movement detection 304
The LR-based classifier trained using data recorded while the subjects performed pre-defined cued 305 movements decoded other self-paced voluntary movements such as drawing, reaching and picking 306 up objects with high sensitivity (Fig. 4) . In all the 8 cross-task validation test sessions from 5 level in all the 12 tested hands from the 9 patients (Fig. 6C ). The AUC of tremor detection was 336 0.79 ± 0.027. With a constant threshold of 0.4, the sensitivity for movement detection was 0.77 ± 337 0.020 and the false positive rate was 0.29 ± 0.038. The oscillatory activities between 4-7 Hz (theta 338 frequency band) in thalamic LFPs contributed most to the tremor decoding, and the AUC of the 339 decoding increased with increasing levels of theta band modulation in thalamic LFPs relative to rest 340 across tested hands (Spearman correlation, r 12 =0.825, p = 0.0017). have been reported to range from 0.5-2 kΩ [37] . Therefore, the activities measured from the two show that the presence of both voluntary movements and postural tremor can be decoded using LFPs recorded from the electrode implanted in motor thalamus for therapeutic stimulation. This information can potentially be used to close the loop for DBS for the treatment of essential tremor, so that stimulation could be delivered on demand, without the need for peripheral sensors or additional invasive electrodes.
